Atrial fibrillation is associated with a five-fold increase of the stroke risk. Left atrial appendage (LAA) is the atrial site with the highest blood stasis risk, increasing thrombus formation and stroke. Recent studies have been focused on the association between the left atrial appendage anatomical features and the stroke risk. However, conflicting results have been published. In this context, clinical studies suggested the stroke risk stratification could be improved by using haemodynamics information on the left atrium and mainly on the left atrial appendage. Therefore, the aim of this study was the design and development of a method which enabled to reconstruct and generate several LA anatomical models, where each one was characterized by a different LAA morphology. These anatomical models represent the computational domain for the computational fluid dynamics simulations of the haemodynamics within the left atrium and LAA.
Introduction
In order to prevent the stroke risk, warfarin was the only option available until recently. However, the administration of warfarin has many limitations, including constant monitoring, inter-individual variability in anticoagulant effect, food and drug interactions, etc. [3] . For these reasons, different strategies have been developed such as the use of left atrial appendage (LAA) occlusion devices, which seem to better reduce the risk of thromboembolism compared to warfarin anticoagulation therapy [4] . LAA is the remnant of the embryonic left atrium (LA), whereas the smooth-walled left atrium originates from the primordial pulmonary vein and its branches. Because of its hooked morphology, LAA is the left atrial site with the highest blood stasis risk, increasing thrombus formation and stroke. In fact, 90 % of the intracardiac thrombi in patients with cardioembolic stroke/TIA originally develop in the LAA [5] . Therefore, morphological and quantitative features of LAA have been increasingly studied in order to improve the knowledge on the LAA implications in AF. Di Biase et al [6] presented the classification of LAA morphology into four different classes (chicken wing, cauliflower, windsock and cactus, see Figure 1 ) and studied the correlation between this characteristic and the patient-specific stroke history. Results demonstrated that chicken wing LAA morphology, which is the most prevalent, was less likely to have an embolic event compared to the other LAA types. Yet, Jeong et al [7] determined whether morphometric or volumetric parameters of LAA would be related to the development of cardioembolism in subjects with AF. They found that LAA orifice diameter and LAA volume were larger in patients with a history of cardioembolic stroke with respect to a control group. AF implies alterations in the LAA wall and surrounding structures and this offers a possible pathophysiological explanation for elevated LAA volumes in stroke patients. Despite these attempts, the association between the aforementioned LAA anatomical features and stroke risk has not been deeply investigated, and conflicting results have been published. Moreover, it is still uncertain what is the best strategy for stroke prevention in AF. To this purpose, several clinical studies suggested that stroke risk stratification could be improved by using hemodynamic information on the left atrium (LA) and mainly on the LAA. Computational fluid dynamics (CFD) represents a valuable non-invasive tool to determine and assess physically meaningful parameters and indicators in a complex fluid dynamics system, such as velocity, the cardiac blood flowrates, vorticity, turbulent kinetic energy, etc. Therefore, the aim Figure 2 . A schematic description of the workflow of this study.
of this study was the design and development of a workflow which enabled to reconstruct and generate several LA anatomical models, where each one was characterized by the same LA chamber and a different LAA morphology . These anatomical models will represent the computational domain for the CFD model described in [8] and simulations of the haemodynamics within the LA and LAA will be performed in the next future. In this paper we discuss the details of the developed pipeline, starting from a data-set of 3D LA (including LAA) anatomical models, obtained by real clinical data (CT and MRI). A quantitative analysis for each LAAwas performed to evaluate the most significative geometrical parameters, such as the volume, the surface, the number of lobes and the LAA orifice.
Methods
A schematic workflow of the developed analysis process is shown in Figure 2. 
Patients data
Data-set consisted in eleven LA 3D anatomical models, extracted from CT and MRI data with specifically image segmentation algorithms, described in [8, 9] . From the 3D LA binary masks, we generated the surface meshes by using the MATLAB iso2mesh toolbox [10] .
LAA extraction
Next step was focused on the implementation of an algorithm which automatically recognized and isolated the LAA. To this purpose, the shape diameter function (SDF) proposed by Shapira et al. [11] was employed. In this study, the SDF was calculated for each 3D surface using the CGAL software. An example of the SDF values computation for one LA anatomical model is depicted in Figure  3 . Iso-contours of the SDF map on the LA mesh and was used to separate regions with different SDF values. Based on this idea, we obtained a semantic clusterization of our 3D models in which each cluster had a different id number. The output of this procedure was a vector that contained the id number for each facet. This step allowed us to identify pulmonary veins (PVs), LA chamber and LAA for each mesh. In order to improve the LAA identification, we detected the atrial chamber id by calculating the mode (statistics) of the id vector; afterwards we assigned to the PVs the same id of the LA chamber. Based on the anatomical position of the LAA we were able to select this region of interest in order to automatically identify it and isolate from the LA surface mesh. An example of the result of this step is shown in Figure 4 . Therefore, we obtained eleven LAA surface meshes. Once the LAA was removed from each LA model, we selected one model as LA template. This specific model was used as template for the definition of the new eleven LA anatomical models as described in the next section.
2.3.
LAA alignment and definition of the new LA models
Once performed the previous steps, in order to accomplish the alignment between the LA template and the LAA meshes, we identified the vertices which belong to LAA ostia and to the ostium of the LA template. The output was a vector that contained the coordinates of these detected vertices. The local correspondence between LAA and LA template ostium vertices was achieved by applyiing the it- Figure 5 . Example of four LA anatomical models obtained by the automatic framework previously described.
erative closest point (ICP) algorithm [12] . The ICP algorithm matches closest points between two point data sets: one was used as a fixed data set and the other as a floating data set. In our case, the fixed one was composed by vertices of the LA ostium and the floating one by the LAA ostium vertices. Finally, in order to refine the anatomical models and to comply with the requirement of providing a smooth geometrical representation of the computational domain for the CFD simulation, a Laplacian smoothing filter and a Poisson surface reconstruction were applied by using MeshLab [13] . Once this procedure was completed, a set of eleven LA anatomical models, presenting the same atrial chamber but different LAA morphologies and geometries, was created.
Results and Discussion
Four of the eleven anatomical models obtained applying this procedure are illustrated in Figure 5 . From the figure, we notice that the shape and the geometry of the LAAs are very different and their morphologies are in accordance with the classification proposed by Di Biase et al. [6] .
Furthermore, in order to quantify the differences between the LAAs, we performed a specific geometrical analysis by quantifying volume, surface area, length, turtuosity and ostium area of each LAA. Length was evaluated by the LAA centerlines computation. Tortuosity was defined as:
where L is the centerline length and D is the Euclidean distance between the endpoints. Tortuosity values higher than 1 reflected the complexity of the LAA shapes, whereas values near to 1 meant that LAA geometry was more linear. In order to compute the LAA volumes and orifice (i.e. LAA ostium) areas, LAA volume meshes were generated. The values of these parameters are reported in Table 1 . LAA volume presented high variability between the analyzed patients and it could be related to the stage or degree of AF disease progression. However, this clinical information was not available for the patients considered in this study. After this careful analysis, the next step will be focused on the haemodynamics simulation of each anatomical models in order to study the effects of each geometrical feature on the blood flow pattern within LAA.
Conclusions
In this work we described in detail an automatic framework which enabled to reconstruct and generate several LA anatomical models, where each one was characterized by a different LAA morphology and shape. We also characterized the morphology of the LAAs by computing several geometrical parameters able to characterize their shapes. Simulations of the computational fluid dynamics within these new LA anatomical model, focusing in particular on the LAA, will be employed in the next future in order to investigate the correlation between the haemodynamic parameters (i.e. velocity, vorticity, kinetic energy, residence time etc.) and the LAA geometrical characteristics.
The CFD simulation could improve the knowledge on intra-atrial blood stasis and on the probability of clot for- 
